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Abstract
Sustainability reports (SRs) are essential for holding companies accountable, and they are required by law. They
also serve as a key communication tool through which companies shape their image and disclose non-financial
information. However, the rapid growth of these reports, their lack of standardisation, and the frequent use of
strategically ambiguous language make it difficult for stakeholders to evaluate whether sustainability claims are
genuine or deceptive. Previous work has focused on extracting misleading climate-related content and identifying
greenwashing. We argue that this is not enough, because deception does not only appear in overtly false or
misleading green claims, and it often emerges through a variety of subtle linguistic strategies. We therefore propose
the development of a framework based on deception theories to examine how deceptive language operates in SRs,
and we outline the challenges that should be taken as an invitation for future research.
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1. Introduction and Motivation

Addressing the climate and human rights crises
has been recognised as a legal obligation by the
Inter-American Court of Human Rights1, not only
for states but also for companies. Decisions such
as this reinforce the responsibility of corporations
to demonstrate transparency and accountability in
their environmental and social actions. In this con-
text, Sustainability Reports (SRs)2 have become
central – and mandatory by law – to how companies
present their commitments and actions toward envi-
ronmental and social goals. For companies, these
reports are also valuable corporate assets (Dhir,
2005). Through them, they shape reputation, build
trust among stakeholders (Tata and Prasad, 2014;
Diouf and Boiral, 2017), and provide financial and
non-financial information that supports and impacts
investment decisions (Abideen and Fuling, 2024).
On the other hand, for stakeholders, including cap-
ital markets, governments, and civil society, these
documents are key tools for assessing whether
corporate actions align with stated sustainability
commitments (Ellimäki et al., 2023).

Over the past decade, both the number and di-
versity of SRs have grown considerably. According
to a 2024 survey3, 96% of the world’s 250 largest

1https://www.corteidh.or.cr/docs/
opiniones/seriea_32_en.pdf

2For simplicity, we will refer to Sustainability Reports
(SRs) as a general term throughout this paper. These
include Environmental, Social, and Governance (ESG)
reports, Corporate Social Responsibility (CSR) reports,
Integrated Reports (IR) and other related titles used by
organisations to disclose their sustainability-related ac-
tivities and performance.

3https://kpmg.com/dk/en/esg/

companies now publish such reports. At the same
time, the language of these documents has be-
come increasingly complex. Research highlights
issues of readability (Smeuninx et al., 2020; Pom-
binho et al., 2024), lexical consistency (Chalmers
and Klingler-Vidra, 2023), and performance mea-
surement (Wang et al., 2018). Despite the efforts
of global frameworks such as the Global Reporting
Initiative (GRI), the UN Sustainable Development
Goals (SDGs), and the Sustainability Accounting
Standards Board (SASB), there is still no mandated
format or shared terminology, which leaves room
for companies to adopt discourse strategies that
appear responsible and positive – a well-known
practice called greenwashing – while avoiding con-
crete accountability.

Parallel to the growth of SRs, research on mis-
leading language in sustainability communication
has also grown, following two main paths. One
path has seen the surge of manual and corpus-
assisted discourse studies, which have provided
fine-grained insights into how deception is con-
structed linguistically: vagueness, exaggeration,
and selective disclosure, for instance. These have
contributed to revealing the complexity and persua-
sive tone of corporate communication (Christensen
et al., 2013; Elving et al., 2015; Siano et al., 2017;
Nwagbara and Belal, 2019; Parlakkaya and Stenka,
2024; Kochkina et al., 2024), and how language is
actively used to create social realities, rather than
simply reflecting them (Ashcraft et al., 2009).

The other path concerns the development of au-
tomatic detection methods, based on natural lan-
guage processing (NLP) techniques, which have
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contributed to scaling up the analysis of corpo-
rate disclosures. The majority of them, however,
have focused primarily on detecting climate-related
claims and greenwashing, which is too broad and
unspecific to capture the complex and strategic na-
ture of misleading corporate language. Moreover,
they concentrate on the content of the statements
rather than on their structure or form, where de-
ception often lies. This limitation is evident in tra-
ditional NLP methods, which require clear, observ-
able, and operational linguistic categories, rather
than a polymorphic and dynamic term (Calamai
et al., 2026; Gorovaia and Makrominas, 2025; Snei-
deriene and Legenzova, 2025; Stammbach et al.,
2023; Schimanski et al., 2024; Mohammadrezaei
et al., 2024). Modern LLM-based approaches
present other shortcomings: while they are able
to detect explicit environmental claims and incon-
sistencies at scale, their performance drops when
dealing with subtle, context-dependent strategies
such as selective disclosure, vague commitments,
and aspirational rhetoric (Velutharambath et al.,
2026; Salminen et al., 2025). In addition, these
models may align with prevalent misconceptions
(Velutharambath et al., 2026). A statement can be
factually correct and still be deceptive. For example,
the sentence "We reduced our carbon emissions
by 20% compared to last year" may be factually
correct, but is deceptive if the reduction was due
to the temporary closure of a facility, while overall
long-term emissions continue to rise.

Contributions We believe the current NLP ap-
proaches to sustainability reporting analysis would
be much more impactful by taking into account
the wealth of research on deceptive language in
communication, corporate communication, and lin-
guistics. In this short position paper, we pro-
pose examining how deceptive language manifests
in these types of documents and moving beyond
the detection of greenwashing to the detection of
broader categories of deceptive linguistic cues in
SRs. We highlight the need for a conceptual frame-
work grounded in deception theories and corporate
strategies to guide their identification. This shift
towards a transdisciplinary approach helps us see
how deception operates in SRs, not only what these
reports claim but also how they say it.

2. Related work and our position
The growing body of SRs highlights a clear need
for more systematic and scalable evaluation. In this
section, we discuss the foundational contribution
of manual analysis techniques to detect linguistic
cues of deception in the development of automated
approaches. We then argue why this is insufficient
and requires further advances, starting from a bet-
ter framing of the problem.

Manual analysis Until now, a close reading analy-
sis has played a fundamental role in uncovering cor-
porate discourse strategies. As Siano et al. (2017)
demonstrate in their content analysis of the Volk-
swagen emissions scandal4, deception in corpo-
rate discourse often takes the form of what they call
“deceptive manipulation”: a new type of irresponsi-
ble and deliberate corporate practice. Their work
organised different kinds of greenwashing into a
taxonomy that they then expanded, bringing two
crucial insights: first, that contextual and critical
reading helps uncover how companies use com-
plex discursive strategies (Catenaccio et al., 2012;
Painter and Martins, 2017) to construct a gap be-
tween discourse and action (Elving et al., 2015);
and second, that breaking down this broad concept
is essential to capturing the complexity of such
deceptive practices. Unfortunately, the quantity
and persuasive tone of these reports, combined
with their qualitative structure and legal complexity,
make them particularly difficult and time-consuming
to analyse manually, even for professionals who
have been working in the sector for a long time.
For this reason, developing automatic methods to
analyse these kinds of documents effectively and
efficiently has become essential.

NLP methods Given the above, several stud-
ies have focused on using NLP methods to de-
tect misleading practices, particularly greenwash-
ing. Polignano et al. (2022) developed a system
that uses NLP and information extraction meth-
ods to identify references to various sustainabil-
ity topics within reports that comply with Global
Reporting Initiative standards (GRI), improving
the accessibility of these disclosures. Similarly,
Gutierrez-Bustamante and Espinosa-Leal (2022)
employed text mining techniques to evaluate the
consistency of Nordic companies’ sustainability re-
ports with the GRI framework, demonstrating the
advantage of models such as Latent Semantic Anal-
ysis (LSA) and Global Vectors for Word Repre-
sentation (GloVe) in this context. Luccioni et al.
(2020) presented ClimateQA5, a customised NLP
model designed to identify climate-relevant sec-
tions through a question-answer approach, facilitat-
ing the extraction of relevant information. Gorovaia
and Makrominas (2025) employed text analysis of
corporate reports to identify inconsistencies in re-
porting between companies that had committed
environmental violations and those that had not.

More recently, Calamai et al. (2026) reviewed 61
studies addressing one or more aspects of green-
washing detection in text. Their findings show that
there are no datasets explicitly labelled for green-

4https://www.epa.gov/vw/
learn-about-volkswagen-violations

5https://www.climateqa.com/

https://www.epa.gov/vw/learn-about-volkswagen-violations
https://www.epa.gov/vw/learn-about-volkswagen-violations
https://www.climateqa.com/
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Page Text excerpt Deceptive Greenwashing
17 We are ensuring that we have a well-balanced, healthy and relevant store portfolio in

each market.
Yes No

31 [...] improve the resilience of our business and supply chain, and empower our customers
to be part of our industry’s transformation

Yes No

45 H&M Group is a customer-focused, creative, value-driven, responsible fashion and
design company

Yes Yes

53 Good procurement practices and close cooperation with suppliers are essential to ensuring
that the company’s products are always produced with consideration for people and the
environment.

Yes Yes

81 We are committed to growing our business in a sustainable way — by decoupling our
growth from the use of finite natural resources

Yes Yes

143 Our vision to lead the change means innovating, incubating and investing in scaling new
materials.

Yes No

143 Providing convenient ways for our customers to engage in circular fashion. Yes Yes

Table 1: Examples of deceptive statements from the H&M Sustainability Report (2023). Not all of them
meet the definition of greenwashing in the European Union’s Green Claims Directive Proposal.

washing (also due to the ambiguity of the term),
and many current studies fragment global detection
into intermediate tasks (e.g., detection of climate-
related claims (Stammbach et al., 2023), identifica-
tion of statements that may indicate greenwashing
(Bingler et al., 2024), and tone analysis (Kang and
Kim, 2022; Polignano et al., 2022).

Undoubtedly, these studies have helped to ex-
tend the analysis beyond what manual approaches
can do. But the fundamental problem remains un-
resolved: inconsistencies and ambiguities in the
use of language in SRs remain a challenge in judg-
ing whether a public statement reflects a genuine
commitment or not. Without a clear conceptual un-
derstanding of how deception works in corporate
language, it is hard to tell the difference between
strategic ambiguity and genuine uncertainty.

LLM-based tools The widespread use and con-
tinuous development of Large Language Models
(LLMs) have brought them into focus as valuable
tools in detecting misleading information in SRs.
The ESGReveal system proposed by Zou et al.
(2023) enhances LLMs with Retrieval-Augmented
Generation (RAG) to retrieve structured ESG in-
formation, offering a benchmark for corporate re-
porting. Bronzini et al. (2024) used LLMs to con-
struct knowledge graphs to analyse the disclosure
of ESG in SRs. The work done by Usmanova and
Usbeck (2024) proposes a conceptual framework
for subdomain-specific pre-training of LLMs to im-
prove the detection of green claims in corporate
reports. And recently, Mishra et al. (2024) started
offering an open-access and collaborative platform,
DocQA6, for extracting information from technical
and unstructured documents, such as SRs, through
a conversational assistant that answers questions.

While the potential of this technology is clear,
important challenges remain. These models can
flag potential cases of greenwashing and even spot

6https://ds4sd.github.io/

certain linguistic cues of deception, but their analy-
ses remain vague, show a tendency toward truth
bias (Velutharambath et al., 2026; Markowitz and
Hancock, 2023), and often lack adequate expla-
nation. This vagueness does not only stem from
the current technical limitations of LLMs, but it is
also a product of imprecise language. Model per-
formance is likely negatively affected by the use
of existing definitions of greenwashing, which are
at the same time overly broad and too limited to
be effective in a highly domain-specific task such
as SR analysis (Calamai et al., 2026). As a result,
automated systems may flag the wrong signals or
overlook more subtle forms of deception in SRs.

The problem Despite the valuable contributions
of the aforementioned works, the lack of a clear,
holistic framework that draws from multiple disci-
plines to identify deceptive discourse strategies
within sustainability narratives at scale undermines
the goal of analysing the fast-growing number and
size of SR documents. This is where the core of
the issue lies: detecting deception in corporate
sustainability disclosures requires more than
extracting information to identify greenwash-
ing. As shown in Table 1, the definition of green-
washing according to the European Union’s Green
Claims Directive Proposal7 does not cover decep-
tive linguistic strategies that appear in sustainability-
related publications. Vague or non-specific state-
ments, as well as the omission of relevant infor-
mation, can function as deceptive practices even
when no explicit false claim is made. This shows
that focusing only on explicit claims is not enough
to capture how deception appears in these texts.
Such complexity demands a deeper understand-
ing of how language is used by companies to blur
boundaries.

7See § 1.2: https://eur-lex.europa.eu/
legal-content/EN/TXT/?uri=COM:2023:0166:
FIN

https://ds4sd.github.io/
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=COM:2023:0166:FIN
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=COM:2023:0166:FIN
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=COM:2023:0166:FIN
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Our proposal Instead of focusing on greenwash-
ing or the detection of climate-related claims, we
propose to concentrate on deceptive corporate
strategies. We argue that deceptive language does
not always appear in overtly false or misleading
green claims; rather, it emerges through a vari-
ety of subtle linguistic strategies that distort or ob-
scure meaning. This issue has been extensively
explored in the field of deception studies from a
linguistic perspective, which provides valuable the-
oretical and methodological insights for developing
a conceptual framework that makes the detection of
deception in SRs more precise, operationalisable,
and critically informed. By operationalising such a
framework into automatic tools, we can move to-
ward a more systematic and accurate analysis of
deceptive language in SRs. As an initial step, this
can be approached as a sentence and paragraph-
level classification task focused on identifying ob-
servable deceptive discourse cues.

We draw on deception theory as a conceptual
lens, but we do not assume that deceptive intent
can be directly recovered from text alone. What
can be operationalised are observable linguistic
and discourse phenomena, such as vagueness,
equivocation, obfuscation, and selective disclosure,
which may function as deceptive strategies in a cor-
porate context. We therefore distinguish between
textual evidence and the stronger interpretive claim
that such evidence reflects deceptive intent.

In the next section, we discuss the main theories
of deception that underpin our position and explain
the opportunity to create a conceptual framework
grounded in deception theories, illustrating how
deception manifests itself in corporate sustainability
communication. In Section 4 we then review the
main challenges ahead for operationalising and
practically implementing such a framework.

3. Deception as Communicative and
Linguistic Strategy

When we talk about deception in language, we talk
about intention. The intention to hide information,
to be ambiguous, and to avoid full cooperation in
communication. But intention is not directly observ-
able and cannot be reliably identified from language
alone. Even so, research on deception has devel-
oped conceptual distinctions and methodological
approaches that help scholars define deception,
describe its main forms, and analyse how it may
be realised in discourse.

We draw on these theories to examine what de-
ception may look like in the context of SRs, how it
may operate, and which linguistic and discourse-
level cues may function as deceptive strategies in
this setting. These include forms such as vague-
ness, equivocation, selective disclosure, and obfus-

cation. In this sense, deception theory serves as a
conceptual lens, while the analysis itself focuses on
observable textual evidence rather than on directly
inferring hidden intent.

Theoretical foundation Galasinski (2000) en-
courages a shift away from the conventional under-
standing of deception as outright falsehoods. In-
stead, he conceptualises deceptive communication
as a form of linguistic manipulation that operates
within the limits of truth and falsehood. From this
perspective, deception is not simply about lying
but involves more complex and indirect forms of
meaning-making. It can therefore be understood as
a spectrum of possible manifestations rather than
a single act, where intention plays a central role
(DePaulo et al., 1996; Masip et al., 2004; Mahon,
2007, 2015).

Ekman (1996) identifies deception as a commu-
nicative act that involves managing information, be-
haviour, and emotional expression to influence oth-
ers’ perceptions. Masip et al. (2004) further stress
that deception is not the result of misunderstanding
or error but a deliberate act of fabricating or manip-
ulating factual or emotional information for strategic
purposes. Buller and Burgoon (1996) in their Inter-
personal Deception Theory (IDT) emphasise that
deception is an interactive process in which both
deceiver and receiver dynamically adapt to one
another, rather than a unidirectional act.

These perspectives are relevant because they
frame deception as a strategic, interactional, and
goal-oriented act. When applied to the communica-
tive processes of SRs, companies can be viewed
as the senders (the deceivers) and stakeholders
as the receivers (the target), where the senders
deliberately seek to shape perceptions and gain
advantage through selective or distorted communi-
cation.

In this sense, deception in language can be
viewed as a strategic form of message design
and impression management (Buller and Burgoon,
1996; Ekman, 1996), and it can take many forms.
It may include, for example, exaggerations, sub-
tle lies (DePaulo et al., 1996); falsification, con-
cealment and equivocation (Buller and Burgoon,
1996); misdirection, strategic ambiguity and de-
flection (Smith et al., 2010); and vagueness and
evasiveness (Galasinski, 2000). As Vrij (2008)
points out, these many forms of deception are es-
pecially difficult to define and even harder to detect,
precisely because they are often subtle, context-
sensitive, and adaptive. Moreover, we have to add
that deceptive communication is determined by cul-
tural norms, language structure and context (Polig-
nano et al., 2022).



158

Linguistic insights and automatic detection
Developing automatic methods to detect and anal-
yse deceptive content is surely challenging, but
there is work from the NLP community that shows
the potential of this line of research. For example,
Levitan et al. (2018), who studied automatic decep-
tion detection, analysed a set of linguistic features
in interview dialogues. Other research has exam-
ined how deception manifests through pragmatic
and stylistic cues such as hedging, indirectness,
overgeneralisation, and shifts in lexical choice or
modality (Hauch et al., 2015, 2016; Zhou et al.,
2004). These studies show that deception can be
traced through measurable linguistic signals, yet
they also highlight the strong context dependence
of such patterns.

This issue is discussed in depth in the work of
Gillings (2024), who identified markers such as in-
creased certainty or vagueness, and the strategic
use of positive sentiment or abstract language in
text. However, as Gillings notes, context remains a
key limitation in detection. Recent studies further
illustrate both the limits and potential of computa-
tional approaches: for instance, Velutharambath
et al. (2026) demonstrate low cross-domain gen-
eralisability of linguistic cues, while Salminen et al.
(2025) combine psycholinguistic features with trans-
former models to detect deceptive reviews.

While linguistic research has provided detailed
qualitative insights into how deception operates
through language, these findings have not yet been
systematically translated into operational frame-
works to understand how deceptive language op-
erates in the context of sustainability. As men-
tioned, automatic systems still rely predominantly
on surface-level features (e.g., word frequency,
sentiment, syntactic patterns) and fail to integrate
deeper discourse or pragmatic mechanisms. We
believe that this gap limits their ability to capture
context, intent, and communicative strategy, and to
model the textual traces through which potentially
deceptive discourse is realised.

4. Challenges

We are aware that, even with a strong framework
and previous research supporting the conceptuali-
sation of deception in SRs, our proposal still faces
significant challenges when looking at the develop-
ment of automated tools for analysing the deceptive
discourse strategies used by companies. Here, we
outline a few.

1. Lack of a domain-specific dataset To our
knowledge, there is no dataset explicitly annotated
for deceptive linguistic strategies in SRs, making
it a necessity to create one to apply such a the-
oretical and conceptual framework. Importantly,
our dataset will focus on observable linguistic and
discourse cues rather than inferred authorial in-
tent, and should define a clear unit of analysis,
for example, at the sentence and paragraph level.
The selection, curation, and maintenance of such
a dataset is a collaborative and fundamental effort
towards the creation of annotated data and, even-
tually, the training and evaluation of models that
identify deceptive language in this context.

Deceptive discourse in corporate communica-
tions is often subtle, context-dependent and sector-
specific. For this reason, annotation guidelines
must clearly distinguish between observable textual
evidence and broader interpretative claims about
deception. This is important not only for consis-
tency, but also to ensure the task is feasible. Fur-
thermore, future evaluation should assess whether
models generalise across different sectors, writ-
ing styles, and repeated text, rather than merely
learning industry-specific patterns.

2. From PDF to text SRs are often published
in highly variable, multimodal formats (graphs, im-
ages, infographics, etc.), usually as non-machine-
readable PDFs.8 This makes it difficult to extract
structured and comparable information (Peng et al.,
2024; Mahadevkar et al., 2024; Gupta et al., 2025).
Even if it were possible to extract clean content, the
conversion from PDF to plain text poses the risk of
losing information and relevant details, such as the
position of elements and visual information, where
companies also apply deceptive communication
strategies.

3. LLM-written SRs LLMs already support many
writing processes in the business and corporate
sector (Chiarello et al., 2024), and companies will
increasingly rely on these systems to produce con-
tent and documents such as SRs. This raises an
additional challenge for future research. If LLMs
begin to shape the language of SRs more strongly,
the form and distribution of deceptive discourse
cues may also change. Reports may become
more standardised, polished, and stylistically homo-
geneous, which could make deceptive strategies
harder to identify. This raises questions such as:
how will the use of language, and especially decep-
tive language, change in these reports in the com-
ing years? And how would this affect LLM-based
methods applied in the detection of deceptive lan-
guage?

8https://www.responsibilityreports.
com/

https://www.responsibilityreports.com/
https://www.responsibilityreports.com/
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4. Human judgment The role of human judg-
ment is a central challenge. Our aim is to iden-
tify linguistic cues that may signal deceptive lan-
guage in SRs and support their automatic analy-
sis. Advances in LLM capabilities offer significant
potential for analysing written texts, but these mod-
els can still misclassify, especially when dealing
with subtle rhetorical and discursive strategies that
demand strong contextual and pragmatic under-
standing (Kaya and Ghosh, 2024; Velutharambath
et al., 2026). Even recent methodologies that im-
prove LLM performance and evaluation (Kaya and
Ghosh, 2024) do not fully resolve this issue. Human
involvement, therefore, remains essential, not only
for validating model outputs, but also for interpret-
ing whether observable textual cues justify broader
claims about deception. This is particularly impor-
tant because such claims go beyond the text itself
and depend on context, background knowledge,
and pragmatic judgment.

5. Conclusion

Research on how to detect deception has always
advanced through collaboration and interdisciplinar-
ity. The increasing quantity and complexity of
SRs urgently demand these efforts to be renewed
through a more scalable and flexible approach. In
this short position paper, we respond to that chal-
lenge by proposing a broader conceptual frame-
work grounded in deception theories, with the po-
tential to enable more accurate, linguistically in-
formed automatic detection of deceptive language.
Rather than focusing only on explicit green claims,
we argue for attention to observable discourse cues
that may signal deceptive communication in SRs.

Our aim is to understand how deceptive lan-
guage operates within SRs on a large scale, from
linguistic, pragmatic and discourse-analytical per-
spectives, while keeping the focus on textual evi-
dence rather than inferred intent. Building on previ-
ous efforts in automatic deception detection, we in-
vite the NLP community to take a critical discourse
perspective on how companies use language in
their public-facing statements about sustainability,
and how they may shape stakeholders’ perceptions
through textual strategies such as vague commit-
ments, obfuscation, and selective disclosure, es-
pecially when these are difficult to verify through
surface-level analysis alone.
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